Although remote sensing has a central role to play in the acquisition of synoptic data obtained at multiple spatial and temporal scales to facilitate our understanding of local and regional processes as they influence the global climate, the use
of thermal infrared (TIR) remote sensing data in this capacity has received only minimal attention. This results from some fundamental challenges that are associated with employing TIR data collected at different space and time scales, either with the same or different sensing systems, and also from other problems that arise in applying a multiple scaled approach to the measurement of surface temperatures.
In this paper, we describe some of the more important problems associated with using TIR remote sensing data obtained at different spatial and temporal scales, examine why these problems appear as impediments to using multiple scaled TIR data, and provide some suggestions for future research activities that may address these problems. We elucidate the fundamental concept of scale as it relates to remote sensing and explore how space and time relationships affect TIR data from a problem-dependency perspective.
We also describe how linearity and non-linearity observation versus parameter relationships affect the quantitative analysis of TIR data. Some insight is given on how the atmosphere between target and sensor influences the accurate measurement of surface temperatures and how these effects will be compounded in analyzing multiple scaled TIR data. Last, we describe some of the challenges in modeling TIR data obtained at different space and time scales and discuss how multiple scaled TIR data can be used to provide new and important information for measuring and modeling land-atmosphere energy balance processes.
1, INTRODUCTION
The determination of surface temperature is a critical component in calculating the energy balance constituents of land-atmosphere interactions. This is particularly important in measuring and modeling boundary layer energy balance processes such as soil moisture, evapotranspiration, and fluxes of sensible and latent heat, and their partitioning across the surface of the Earth. Remote sensing provides a means for the synoptic measurement of these land-atmosphere energy fluxes and also offers the potential for understanding how different temperature fields are scaled between different spatial and temporal resolutions (Goetz et al., 1993 (Goetz et al., , 1994 . Thus, using remote sensing to both observe and measure changes in fluxes of sensible and latent heat as a response to changes in spatial or temporal scale, will result in the development of better and more accurate models of these fluxes as they affect local, regional, and even global predictions of climatic variations. Remote sensing has a central role to play in the acquisition of synoptic data collected at multiple spatial and temporal scales that will facilitate our understanding of local scale processes (e.g., catchment watershed basin characteristics) as they influence regional scale processes (e.g., stream and river basin hydrodynamics).
In fact, analysis of multiple spatial and temporal scaled remote sensing data is critical to understanding the coupling between the terrestrial landscape and the atmosphere (Halt et al., 1988) .
It has been suggested that the use of multiple scale thermal infrared (TIR) remote sensing data could provide information on important cultural, geological, and agricultural variables (Lynn, 1986; Schott, 1989) . To date, however, the use of multiple scaled TIR data to analyze Earth-surface characteristics and processes has not been fully exploited. This results from some fundamental challenges that are associated with using TIR data obtained at different spatial and temporal scales, both from the same and different sensors, as well as some basic problems that arise in applying a multiple scaling approach to the measurement of surface temperatures.
In this paper, we wish to describe some of the more important problems associated with using TIR remote sensing data obtained at different spatial and temporal scales, examine why these problems appear as impediments to using multiple scaled TIR data, and provide some direction for future research that may resolve these problems. We will present these points from a general viewpoint and will not delve into some of the more complicated issues concerned with TIR data analysis, such as emissivity and the problems associated with calculating emissivity from TIR data acquired at different space and time scales. We onhowtheatmosphere between target andsensor influences theaccurate measurement of surface temperatures andhowtheseeffects will becompounded in analyzing multiplescaled TIR data. Last,wedescribe some of thechallenges in modeling TIR dataobtained atdifferent space andtimescales andoffersome insight into howmultiplescaled TIR datacanbe used to providenewandimportant information formeasuring andmodeling land-atmosphere energy balance processes.
THE FUNDAMENTAL ELEMENTS OF SCALE
To understand the characteristics and interrelationships of analyzing multiple scaled remote sensing data, it is first necessary to define the term "scale." Scale, from a remote sensing perspective, can be defined as the integral (or interval) of space or time over which a measurement is made. The element of scale, therefore, exists as a dimension of observation (i.e., a measurement metric) more so than the dimension of the phenomenon being observed (i.e., the process being observed). Thus, in a multiple scaling approach, the aspect of scale focuses on some unit of measurement that is a defined relationship to some known quantity, such as ground-to-map distance, or a temporal interval (e.g., day, week). From a multiple scaling perspective, the different types of data brought together for analysis will reflect the respective scales at which they were collected, as a function of some defined spatial or temporal measurement characteristic (e.g., 20 m SPOT multispectral data) (Foody and Curran, 1994) . Two fundamental scales exist to guide the collection, manipulation, and analysis of remote sensing data: (1) space (or spatial) and (2) These questions are similar to those presented by Turner et al. (1989a) in their concern for predicting across scales in the emerging discipline of Landscape Ecology, and by Davis et al. (1991) in their examination of environmental analysis of remote sensing data. It is our intent to use these questions as a framework for discussing how multiple scaled TIR data can be used to analyze and measure important landscape and biophysical characteristics affecting land-atmosphere interactions.
The Influence of Scale Dependence of Earth Surface Variation and TIR Data
The observation and measurement of surface processes is highly scale dependent (Ehleringer and Field, 1993 
where r(x,)_,t,p) is the reflectance of the surface as a function of position (x), wavelength ()Q, time (t), and polarization (p), and i (x,._,t) is the incident illumination. This relationship can be simplified by considering only the variation in reflectance with spatial position, f(x). An important property inherent to scene regularization and variation in remote sensing data is spatial autocorrelation or autocovariance. Spatial autocorrelation measures how f(x) varies as a function of the distance and orientation between observations.
If there is any systematic pattern in the spatial distribution of a variable, it is said to be spatially autocorrelated.
If the pattern of the phenomenon or process observed via remote sensing is such that nearby or neighboring areas are more similar than more distant areas (with distance referring to spatial separation on the image), then the pattern is positively spatially autocorrelated. Most spatial phenomenon, be it physical (i.e., geomorphological), biophysical (e.g., vegetation type distribution), or cultural exhibits positive spatial autocorrelation patterns. Spatial patterns of Earth-surface phenomena that exhibit negative spatial autocorrelation (i.e., neighboring patterns are not alike) are not common. Between the two extremes are patterns that exhibit no spatial autocorrelation (i.e., random). Spatial autocorrelation is important in remote sensing; the identification, monitoring, measurement, and change in patterns is a fundamental theme in Earth science research. For example, spatial autocorrelation is the basis for the recognition of spatial variability in determining land versus water, field versus forest, or urban versus rural areas (Meentemeyer, 1989) . It is often useful in remotesensing to search for thelevel of resolution whichmaximizes thespatial variabilityof a phenomenon or process atdifferent spatial andtemporal scales. Patterns thathavea highdegree of positive spatial autocorrelation at onescale of imagery maynot havethesamedegree of spatial autocorrelation atanother. Thermal responses for specific phenomenon or processes maybe similar(i.e., positively autocorrelated) ata highspatial scale (i.e.,highspatial resolution) and maybeonlyminimally autocorrelated ata lowspatial scale(i.e.,lowspatial resolution). Thereception of a signal generated bya particular target will alsobeaffected by the spatial resolution characteristics of the sensing system astheyrelateto thesizeof thetarget (Burnay et al.,1988) . ForTIR sensors, theradiation from anypointin theobject is spread outovera small, butfinite,areawithinanimage. Consequently, areas withtemperatures above theirsurroundings will appear to havelowertemperatures thantheyactually do,whiletheconverse occurs for areas at a lowertemperature thantheirsurroundings. Asa result of thiseffect, targedifferences between actual temperatures of anobject(i.e.,thoseexisting forthetarget beingobserved atthetimeof sensing) asmeasured fromTIR data canoccur, particularly for small objects (i.e.,objects witha small spatial sizein reference to theoverall scene sizeof theTIR data) (Burnay et al.,1988) . In the caseofa multiplescaled TIR remote sensing approach where dataacquired from bothdifferent sensors andatdifferent spatial resolutions arecombined for analysis(e.g., Landsat TM channel 6 120m,andAVHRR1.1kmdata), thisproblem wouldbeexacerbated. Although thereisnopractical wayto circumvent thisproblem,it lendsmorecredence to theconcept thatfroma multiplescaling analysis perspective, the firstpriorityis to knowasmuchinformation aspossible about theoverall patterns thatcomprise thedistribution ofthephenomena or processes underobservation. Forexample, is it thenature of thetargetunderobservation or theunderlying processes thatformthedistribution of thetarget to bedisperse, aggregated, or random? Also,arethereanyphysiographic factors thatmayhave anunderlying influence onthethermal response of thephenomena or processes underinvestigation? Thesefactors (e.g., topography, slope, aspect) wouldinfluencethesolarillumination of thephenomenon or process andthus,itseffective thermal response. Additionally, attributes, suchasknowledge of antecedent meteorological events thatwouldpossibly influence boththe patternof the target (e.g., precipitation fallingovertheportionof anAVHRRagricultural scene and not overanother) andthe thermal response for the target(e.g., excessive soil moisture in oneportionof anAVHRRimage versus a deficitin another), would affectboththemagnitude anddistribution of thermal response asrecorded by thesensor.
A second priority(atleast in mostcases) in scaling TIR datais to utilizedata fromthesensor with thefinestspatial resolution (i.e.,the highest levelof spatial resolution) asa baseline measurement source for understanding thethermal response characteristics of thetarget. Thedecision to usea sensor with a high spatial resolution overthosewith lowerspatial resolutions wouldobviously be affected bythesensor's engineering characteristics, suchasthe noise-equivalent SPATIAL ANDTEMPORAL SCALING INTHERMAL REMOTE SENSING261 power(NEP).NEPrefersto the energy of thatinputradiationfallingon the detector whichwouldgiveanoutputsignal equal to the noise generated by the detector; thesmaller thevalueof the NEP,thebetterthedetector (Anderson andWilson, 1984) . It canbe assumed, however, thata highspatial resolution wouldlessen anyimpacts associated with thesizeof the target,particularly if detection of objects of small sizerelative to theoverall sizeof theobjects in the scene is important. Therefore, asdatafromsensors withsuccessively lowerspatial resolutions arecombined withhigher resolution TIRdata, thermal responses of objects recorded bythesensors for specific ground-resolution cells(GRCs) at thehighest possible resolution canbeused to"calibrate" theresponses recorded at lowerspatial resolutions. TheGRCis definedasthegroundsegment sensed at anyinstant bythe IFOVof the sensor. Theaverage valueof the spectral reflectance, spectral emissivity, or backscattering cross-section for theGRC, which is recorded asa pictureelement (pixel),will depend uponthe content of the GRC,its heterogeneity, topography, slope, andaspect (DugginandRobinove, 1990) . A linearrelationship between TIRvalues atdifferent spatial scales cannot beassumed; however, useof thehighest spatial resolution dataasa calibration or reference source will provide some measure totranslate thermal response values across spatial scales.
SPATIAL AND TEMPORAL NOISE, IMAGE INFORMATION CONTENT, AND LINEAR AND NON-LINEARITY RELATIONSHIPS IN SCALING TIR DATA
Noise is the pervasive phenomenon inherent to any remote sensing system. From a classical remote sensing perspective, "noise" can be defined as the introduction of any extraneous signal that competes against the desired signal, and thereby degrades the quality of the remotely sensed data (Colwell, 1983) . Noise is usually perceived as being a function of instrument engineering design and performance or signal-to-noise ratio (S/N), wherein it is most desirable to have the highest ratio of desirable signals to noise. In remote sensing terminology, noise can be classified as coherent (noise signals that have a definite relationship to one another) or random. Sensor noise will obviously have an adverse impact on the derivation of quantitative measurements from multiple scaled TIR data, and its effects may be additive or even multiplicative. Numerous techniques exist, however, to remove the various components of noise from remote sensing data (e.g., Fourier transform) and will not be discussed here (see for example Moik, 1980; Colwell, 1983; Hummer-Miller, 1990) .
Also, what may be referred to as Target-to-Sensor (T-S) noise is of critical concern to the analysis of multiple scaled TIR data in Earth science. Here, "noise" is not a function the sensor signal-to-noise ratio, but is a product of the distribution, pattern, arrangement, and overall spatial (and to some extent, temporal) characteristics of biophysical, geographic, and topographic attributes that are manifested as a TIR remote sensing scene. Additionally, the intervening atmosphere between the target and sensor is an important modifier in the interpretation of TIR data. Atmospheric effects as a factor in T-S noise and multiple scaled TIR datawill bediscussed in Section 5.Figure1 illustrates howthesmallest viewed ground element bya specific sensor, or GRC, can be affected by T-S noise. Dependent upon the overall composite of GRCs or "footprint" inherent to a sensing system, a TIR scene is influenced by the heterogeneity of the biophysical, topographic, and geographic parameters being sensed. For example, TIR data obtained from an airborne platform with a high spatial resolution (e.g., 10 m) will be much more sensitive to higher T-S frequencies (i.e., distinct changes in biophysical or ground characteristics at microscales) than similar data acquired from sensors with lower spatial resolutions from the Landsat TM or AVHRR satellites. Thus, heterogeneity at the surface will be manifested as various frequencies of T-S noise as a function of the smallest viewed ground element of the sensor.
This issue is further extended in Figure 2 , wherein the effects of the atmosphere modify the thermal radiance upwelling from the ground and reaching the sensor, which modulates T-S noise.
In the use of TIR for measurement of surface thermal attributes or processes, some fundamental principals of image acquisition or analysis are: (1) the radiance properties recorded in the image accurately represent both the thermal properties of the phenomenon or process (i.e., target) being recorded;
(2) the imaged data accurately represent the relative spatial (and temporal) frequency of the phenomenon or process as it exists on the ground within the limits of the GRC resolving capabilities of the imaging system; and (3) (1) and (3) are intimately related to the engineering characteristics of the sensing system and the software used to process the data. Although these points are obviously important to any discussion on multiple scaling of TIR data, we wish to elaborate more upon point (2) and its relevance to both scale dependency and the affect of integrating data collected at different measurement scales.
Scene Versus Sensor Spatial Frequency
The spatial frequency of discernible variations in radiance from each part of the scene will depend upon the thermal contrast between scene elements and on built-in limitations of the sensor (i.e., engineering characteristics). A remote sensing scene will have a two-dimensional spatial frequency spectrum (power spectrum) that is related to the spatial variation in upwelling thermal radiance levels across the area in the scene. Each pixel in the image results from the averaging of the upwelling thermal radiance within each GRC after modulation by the atmosphere and the sensing system ( Figures  1 and 2) . The two-dimensional scene spatial frequency is delineated in terms of pairs of pixels within the sampled image (Duggin and Robinov, 1990) .
Within the concept of scene frequency, it is assumed there is a high degree of correlation between the surface attributes of the target, the thermo-optical properties of the ground cover (i.e., the thermal radiance characteristics of the ground 
gain of sensor for pixel (i,j). This may vary slightly from element to element of a focal plane array detector spectral transmission of atmosphere along path to sensor with zenith angle 0' and azimuth q_' delta function which is equal to 1.0 is scene element 1 is present in GRC (i,j) at position (X,Y). The fraction of the GRC filled by scene element l is It is obvious from equation (2) that the spatial attributes (i.e., homogeneity or heterogeneity) of the ground-cover types included in the GRC will affect the intensity of thermal radiance from the ground and the spatial distribution of upwelling radiance signatures reaching the TIR remote sensing system. Thus, the spatial frequencies of the phenomenon or process under investigation will ultimately be translated into a high or low sensor spatial frequency relationship (i.e., T-S noise factor) as recorded by the sensor. For the spatial frequency domain ()v) of the TIR sensor then,
where (x,y) are spatial coordinates of a location on the focal plane and (wx,Wy) are the spatial frequencies recorded in the image plane in the x and y directions.
The sampled power spectrum is represented by E(wx,Wy). It is the power spectrum of the image with spatial frequency expressed in pixel pairs (i.e., GRC pairs) and is a sample of the power spectrum of the radiance field upwelling from the surface. Also, 
Image Information Content and Non-Linearltles In Surface Temperatures In

Multiple Scaled TIR Data
Spatial and temporal frequency differences also reflect on the overall information content or entropy of the scene. The entropy of a probability distribution may be used as a measure of the information content of a symbol (i.e., image) selected from this distribution.
For an image, the entropy He of n random variables with probability distribution Pk is defined as
where log 2 has a unit of information in bits (Moik, 1980 , 1986; Kaufman, 1982 Kaufman, , 1984 Kaufman, , 1989 ) and they will not be discussed in detail here. It is important to relate, however, that the maximum amount of energy is emitted (i.e., radiated) by a body perpendicular to its surface plane. Conversely, noTIR energy is radiated tangentially to a body's surface. Targets emituniform amounts ofTIRenergy withina 30°boundary from the plane perpendicular to the surface plane (Baraniak, 1983) . Beyond this 30°b oundary, there is an edge effect that occurs as a result of the Cosine Law falloff. This results in a reduction of energy received by a sensor within its IFOV.
For example, if a highly polished spherical or circular surface is viewed by a TIR sensor, edges of the objects imaged will appear different from their centers.
This effect is continual for rough-textured surfaces and thus, a highly diffusing, rough surface is referred to as a Lambertian emitter (Baraniak, 1983 
Scale Invarlance and Variance In Multiple Scaled TIR Data
A major concern arising from the use of data acquired either from the same (7) is modified by the components of equation
(2) and the power spectrum factors noted in Section 3. 
where X is spectral radiance in mW cm -2 s -1 #m-l; K1 = 67.2 mW cm -2 sr -a 1986) . Additionally, much work has been done applying TIR remote sensing data to obtain estimates of thermal inertia, which is a measure of the ability of a material to resist change in temperature. Thermal inertia is a physical property of the surface material, equal to (Kpc) 1/2, where K = thermal conductivity, p = density, and c = specific heat (see for example Kahle et al., 1984; Kahle and Alley, 1985; Kahle, 1987 
where temperature is a function of depth z, measured downward from the surface, and time t, p is the density (kg m-3) , c is the heat capacity (J kg-1), and k is the thermal conductivity (J m -1 sec-a). For remote sensing applications, equation (9) is solved to yield T at the Earth's surface. The solution to equation (9) assumes a surface boundary condition, which may be provided either by specification of the value of temperature as a function of time at the surface z = 0, or by a condition placed on the surface energy flux (Price, 1989) . This condition can be given by specifying the value of the ground heat flux G at the surface, where G(z,t) = -k OT tures is sought that is consistent with the temperature value that is measured. As noted earlier, emissivity is an important factor that must be considered in accurately predicting the surface temperature of objects on the ground from remote sensing. Although it will not be discussed here, calculation of emissivities • ""..'5.1"T:."..:;:.".,'.!:'..'".:.;::/. :'. , .'.:-Radiation " ""'.':" i:" :: :! _: "! _:.!iIY "J. !_ .:":i-: ! '.." "-"::... :. there is a close relationship between optical visibility and aerosol concentration (Lee, 1973; Anderson and Wilson, 1984) . The existence of water vapor cannot be handled in a similar manner and it is necessary to calculate its effects on TIR transmission. Transmission depends on humidity and air temperature, and for pathlengths through the atmosphere of less than 1 km, it can be assumed that the atmosphere is vertically homogeneous and produces only small errors (Anderson and Wilson, 1984) . One way that data on water vapor can be obtained is through standard meteorological soundings via radiosondes, wherein data on atmospheric temperature, barometric pressure, and humidity are transmitted to a ground receiver as the sounding unit progresses upward through the atmosphere. Atmospheric attenuation involves the absorption and re-emission of radiation in the atmosphere.
Senso
This results from the atmosphere between the target and the TIR remote sensing platform, and constituent atmospheric components such as water vapor and various gases, having a temperature above absolute zero. As defined by Planck's equation, the atmosphere and its constituents behave as targets themselves, absorbing and emitting radiation within the atmospheric path between the target on the ground and the TIR remote sensing platform. Atmospheric path radiance is independent of the target of interest and adds a finite amount of radiation to that in total reaching the TIR sensor (Anderson, 1992 user-defined to permit a best representation of the atmosphere above the target at the time of TIR data collection (Anderson, 1992) . LOWTRAN has produced good results in modeling atmospheric profiles when meteorological data have been used to define atmospheric profile characteristics (Wilson and Ander son, 1986; Holbo and Luvall, 1989; Luvall and Holbo, 1989; Luvall et al., 1990; Anderson, 1992; Quattrochi and Ridd, 1994) .
Information from radiosondes input to atmospheric models, such as LOWTRAN, do have drawbacks in that these data may not provide spatial estimates of water vapor; i.e., radiosondes provide point data on atmospheric characteristics that may or may not be representative for atmospheric correction of regional scaled TIR data, for example from the AVHRR satellite. One procedure that has been widely used to correct for atmospheric effects in estimating surface temperature using AVHRR data is the "split window" method (Price, 1984; Dalu, 1986) . In the application of the split windows technique, two channels within the atmospheric water vapor window between 10.5-12.5 #m from the AVHRR (at 11 #m and 12 #m which correspond to channels 4 and 5, respectively) are used to derive temperatures corrected for atmospheric absorption.
The brightness temperature differences between the channels (T4-T5) can then be directly related to the atmospheric absorption due to water vapor. The split window method is described in detail in Price (1984) and Dalu (1986) . A concern in the direct application of the split window method, however, is that it works well only for retrieval of sea surface temperatures (SSTs) and is not suitable for direct calculation of temperatures over land. This is because the sea surface can be assumed to be a black body with an emissivity of 1.0, as opposed to land surfaces which are non-black body radiators with emissivities < 1.0. In the split window channels of the AVHRR, natural surface emissivities are close to unity, but there is some spectral variation that depends on surface type. Atmospheric and emissivity effects are coupled as a result of downwelling atmospheric radiance at the surface; additionally, the emissivity effect depends on the surface-atmosphere temperature difference.
Recent work, for example by Becker and Li (1990 ), Coll et al., (1994a , 1994b , and Eck and Holben (1994), has addressed the problems associated with using the split window approach for calculating water vapor absorption over land surfaces.
In the analyses of multiple scaled TIR data, it may be seen where atmospheric effects can have a deleterious cascading influence on the prediction and inter- , 1992) .
SPATIAL AND TEMPORAL MODELING WITH MULTIPLE SCALED TIR DATA
It is apparent that the extraction of accurate surface temperature measurements from multiple scaled TIR data is not straightforward, given the challenges in working with TIR data as described here. Still, it is obvious that the prospect of using multiple scaled TIR data for analyses of thermal responses and energy flux relationships for landscape and surface-atmosphere interactions remains high. Most importantly, it is not the sole use of multiple scaled TIR data in analysis of thermal responses that is the real virtue of applying a multiple scaled approach to a variety of Earth-science problems.
It is the employment of multiple scaled TIR data in modeling scenarios of land-surface thermal energy dynamics that offers the most significant application of these data. As noted by Strahler et al. (1986) , a remote sensing model may be generalized as having three components:
(1) a scene model, which specifies the form and nature of the energy and matter within the scene and their spatial and temporal order;
(2) an atmospheric model, which describes the interaction between the atmosphere and the energy entering and being emitted from the scene; and (3) a sensor model, which describes the behavior of the sensor in responding to the energy fluxes incident upon it and in producing the measurements that constitute the image. Attention has been already given to the importance of atmospheric and radiometric calibration of TIR data within a multiple spatial and temporal scaled context (e.g., atmospheric and sensor models). Thus, it is useful to use the concept of the scene model to discuss the significance of multiple scaled TIR, both in space andtime,for developing morerobust models of landscape andEarthsystem processes. Questions of modeling multiplescaled TIR datainherently revolve aroundthe aspects of spatial scale, scaleinvariance, andautocorrelation of thephenomena underinvestigation. It is useful, therefore, to conceive of the scene models described byStrahler et al. (1986) asH-resolution and L-resolution models, which reflect the extant relationships between the size of the elements (i.e., the target or targets of interest) in the scene model and the GRC recorded by the sensor.
In an H-resolution model, the elements of the scene are larger than the GRCs; conversely,
an L-resolution model has scene elements that are smaller than the GRCs. ample, Fuchs and Tanner, 1966; Fuchs et al., 1967; Bartholic et al., 1972; Kimes et al., 1980; Hatfield et ai., 1984; Reginato et al., 1985; Choudhury, 1989; Kustas et al., 1989; Fuchs, 1990; Vining and Blad, 1992) . These same thermal response issues are of concern to those performing research on more diverse natural landscapes (Balick and Wilson, 1980; Fritschen et al., 1982; Taconet et al., 1986; Running, 1991; Nemani et al., 1993) . The prospect of modeling surface temperature SPATIAL ANDTEMPORAL SCALING INTHERMAL REMOTE SENSING279 andenergy flux relationships usingmultiplescaled TIR data,however, offers thepotential for developing integrative models that heretofore were not available for a broad spectrum of landscape processes and land-atmosphere interactions (Curran and Foody, 1994) . Moving to integrative models will enable us to incorporate TIR data obtained at different spatial scales and times with ground-based radiometer and meteorological data into a common format, for predicting and modeling across space and time continuums. Thus, multiple scaled TIR models will permit extrapolation across H-and L-resolution models to provide measurements of surface thermal gradients and thresholds for landscape processes and land-atmosphere interactions regardless of spatial or temporal scale.
Multiple scaled TIR-based remote sensing models, for example, will be of great utility in furthering the analysis of thermal "cross-over points," both in space and time, for different biophysical processes. These cross-over points result as a function of differential heating and cooling of objects and surface materials and (Sader, 1986; Carlson, 1986; Taconet et al., 1986; Luvall and Holbo, 1989; Luvall et al., 1990 ,1992; Hall etal.,1992; Sellers andHall,1992) . Thecombining of ground-based energy balance estimates with multiple scaled TIR data would provide an integrated data base for modeling spatial and temporal dynamics of surface energy fluxes from both a "bottom-up" and "top-down" approach (Caldwell et al., 1993) . Such methods are necessary to appropriately model the influence of landscape characteristics of local and regional climate as an integral part of the current emphasis on understanding the processes and effects of regional and global climate change (Pielke and Avissar, 1990). 
Absolute and Relative Scale Models and Multiple Scaled TIR Data
where we assume the Earth radiates as a black-body with a temperature TE, S is the solar constant (S = 1380 Wm-2), and A is albedo of the surface. Thus, equation (12)illustrates thesensitivity of theEarth'sclimate to evenverysmall changes in landuse (Pielke andAvissar, 1990) . Todevelop complete models of thissensitivity, however, requires thatwelinkabsolute scaleobservations viaremotesensing (i.e.,measurement atdifferent scales using TIR data)withrelative scaleprocesses (e.g., changes in vegetation andsoilparameters in response to thermodynamic input). Although thecause andeffect processes inherent to landscape change andenergy flux dynamics mayappear close in absolute space (e.g., the identification of a specific landscape or landscape component asa source of change in soilmoisture), thesefactorsmaybeverydistant in relative space (i.e.,thedynamics of theattendant changes in energy fluxprocesses in response to changes in soilmoisture) whentime,rates, andinteractions areconsidered (e.g., therateof change in soilmoisture andevapotranspiration asa functionof thedistribution andarrangement of landcovers across a landscape). Thedeterminationof thescaleatwhicha process or phenomenon operates, therefore, is difficultto identifyin terms of relative space andit wouldbebetterto transform dataresiding in absolute space (i.e.,remotesensing data)to unitsbased on a relative space to understand thespatial thresholds inherent to process-response mechanisms astheyaremanifested atmultiplescales. Thus, bycombining multiplescaled TIR datawithotherdataasillustrated in Figure4,it wouldbepossibleto understand thesynergistic linkages between components of thelandscape with energyflux dynamics to providea morecomplete quantitative of landatmosphere interactions astheyarereflected at different spatial andtemporal scales.
CONCLUDING REMARKS
It is obvious that the path to the development of robust integrative models using multiple scaled TIR data is a challenging one. TIR data to fruition. Notwithstanding the difficulties associated with determining emissivities, the incorporation of TIR data obtained from the same and different sensing systems, and at differing spatial and temporal scales, must contend with the problems associated with scene versus sensor spatial frequencies and non-linearities in surface temperatures. In dealing with the manipulation of multiple scaled TIR data sets we must delve further into the questions associated with how the atmosphere affects these data. It must also be noted that there is a substantial increase in costs associated with using multiple scaled TIR data.
These costs accrue to the increase in money required to collect or purchase TIR data obtained at different spatial or temporal scales (either from the same or different sensors), in the time needed to manipulate and analyze these data, and in the computing resources needed to process multiple scaled data. These costs may be considerable, depending upon the extent of the data needed to support overall research objectives (e.g., field and remote sensing data collection and analyses to support a major TIR research campaign such as that illustrated in the FIFE program are very expensive).
Moreover, it is the analytical problems that are most perplexing--those related to neighborhood constraints and scale invariance--which produce perturbations in the analysis of TIR data obtained at different space and time scales, and these pose important challenges to the overall applicability of a multiple scaled approach using thermal remote sensing data.
In contemplation of these factors, however, we must not lose sight of the fact that landscape surface-atmosphere thermal interactions are integral to the oper- 
